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Abstract Global mean sea surface temperature (T) is a variable of primary interest in studies of climate
variability and change. The temporal evolution of T can be inﬂuenced by surface heat ﬂuxes ( ) and by
diﬀusion () and advection () processes internal to the ocean, but quantifying the contribution of these
diﬀerent factors from data alone is prone to substantial uncertainties. Here we derive a closed T budget
for the period 1993–2015 based on a global ocean state estimate, which is an exact solution of a general
circulation model constrained to most extant ocean observations through advanced optimization methods.
The estimated average temperature of the top (10-m thick) level in the model, taken to represent T , shows
relatively small variability at most time scales compared to  ,, or, reﬂecting the tendency for largely
balancing eﬀects from all the latter terms. The seasonal cycle in T is mostly determined by small imbalances
between  and, with negligible contributions from. While seems to simply damp  at the annual
period, a diﬀerent dynamical role for  at semiannual period is suggested by it being larger than  .
At periods longer than annual, contributes importantly to T variability, pointing to the direct inﬂuence of
the variable ocean circulation on T and mean surface climate.
Plain Language Summary Global mean sea surface temperature T is a key metric when deﬁning
the Earth’s climate. Determining what controls the evolution of T is thus vital for understanding past climate
variability and predicting its future evolution. Processes that control T involve forcing surface heat ﬂuxes,
as well as advection and diﬀusion of heat internal to the ocean, but their relative contributions are poorly
known and diﬃcult to assess from observations alone. Here we use advanced methods to combine models
and data and derive a closed budget for T variability in terms of the forcing, advection, and diﬀusion
processes. The estimated T shows relatively small variability compared to surface forcing, advection, or
diﬀusion, reﬂecting the tendency for largely balancing eﬀects from all the latter terms. The seasonal cycle
in T is mostly determined by small imbalances between forcing and diﬀusion, with negligible contributions
from advection. Diﬀusion does not always act as a simple damping of forcing surface ﬂuxes, however.
In addition, at periods longer than annual, advection contributes importantly to T variability. The results
point to the direct inﬂuence of the variable ocean circulation on T and the Earth’s surface climate.
1. Introduction
The Earth’s mean surface temperature is commonly used to track climate variability and change of
importance to society (Intergovernmental Panel on Climate Change, 2014). With approximately two thirds of
the planet covered by oceans, estimates of sea surface temperature are a key ingredient in deﬁning mean
surface temperature (e.g., Hansen et al., 2010; Karl et al., 2015). Determining what controls the evolution of
global mean sea surface temperature is thus vital for understanding past climate change and predicting its
future evolution.
Symbolically, conservation of temperature T can be written as
T ′ = ′ +′ +  ′, (1)
where primes denote tendency in time,′,′ represent temperature tendencies related to advective, diﬀu-
sive heat ﬂuxes internal to the ocean, and  ′ represents temperature tendency due to external forcing heat
ﬂuxes, nonzero only near the surface. Understanding mechanisms controlling global mean sea surface tem-
perature (T) involves quantitative analysis of how surface exchanges of heat with the interior ocean below
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and the atmosphere above are mediated by ′, ′, and  ′. A number of diﬀerent regimes are possible.
For example, T could be primarily driven by surface heat ﬂuxes, with mixing acting to dampen to a lesser or
greater extent such inﬂuences, or, in contrast, T could be controlled by advection processes (e.g., wind-driven
Ekman pumping) not necessarily tied to the surface forcing ﬂuxes.
Evaluation of the balances implied in (1) using solely observations is diﬃcult because of uncertainties in data
andmissing information needed to estimate some budget terms (e.g., Cummins et al., 2016). Models are use-
ful for this purpose (e.g., Gregory, 2000;Wolfe et al., 2008), particularly if they provide a realistic representation
of the evolution of T . An alternative approach, followed in this work, is to use ocean state estimates in which
advancedoptimizationprocedures areused toﬁt anoceanmodel tomost availableobservations,while retain-
ing conservation principles that allow for a closed heat budget analysis (e.g., Stammer et al., 2016; Wunsch
et al., 2009).
Our focus is on assessing the nature of the T budget, with particular interest in clarifying whether diﬀusion
acts always as a damping on the forcing, whether advection can noticeably contribute to changes in T , and
more generally how forcing, diﬀusion, and advection processes relate to each other as a function of time scale
and combine to produce observed changes in T . These eﬀorts complement recent modeling and observa-
tional studies that have examined vertical ocean heat transports primarily below the surface and focusing
for the most part on steady or longest time scale balances (Cummins et al., 2016; Griﬃes et al., 2015; Liang
et al., 2015, 2017).
2. Tools and Methods
For budget diagnostics of T , we use a recent global ocean state estimate (Forget et al., 2015; Fukumori
et al., 2017) produced by the project for Estimating the Circulation and Climate of the Ocean (ECCO;
Wunsch et al., 2009). The solution, named ECCO Version 4 Release 3 (hereafter Ev4r3), is described in
detail by Fukumori et al. (2017) and Forget et al. (2015), with ﬁelds and documentation available at
ftp://ecco.jpl.nasa.gov/Version4/Release3/. The estimate covers the period 1992–2015 and is provided on a
global horizontal grid, with nominal spacing ∼0.25∘–1∘, on 50 vertical levels with 10-m spacing near the
surface. As a brief summary of general characteristics, Ev4r3 is a solution of the Massachusetts Institute of
Technology general circulation model (MITgcm) constrained to satellite data (altimeter, gravity, sea surface
temperature, and salinity) and in situ hydrography (Argo, XBTs, CTDs, and marine mammals). The optimiza-
tion and data ﬁtting, done iteratively using the method of Lagrange multipliers, are achieved by changes in
initial and surface boundary conditions, as well as in mixing coeﬃcients. The ﬁnal estimate is thus based on a
free forward run of the MITgcm with adjusted parameters and, key for our purposes, yields conserved tracer
ﬁelds within numerical precision (Piecuch, 2017).
We examine in detail the global mean temperature budget for the top level in Ev4r3, taken to represent T .
Surface budget analyses are often formulated in terms of mixed layer temperature (e.g., Buckley et al., 2014).
By focusing on the top level instead, we explicitly assess processes internal to themixed layer, as represented
in coarse-resolution models as used in Ev4r3, and whether a balance between mixing and forcing is always
predominant. Budget analysesover thicker surface control volumes (upper 100and200m)are also considered
to contrast with and elucidate the nature of the T budget.
Monthly mean ﬁelds for the period 1993–2015 form the basis of the analysis (ﬁrst year is not used to avoid
initial transients and partial altimeter data coverage, which only starts in October 1992). Budget calculations
follow the detailed steps in Piecuch (2017). For the MITgcm conﬁguration used in Ev4r3, the conservation of
potential temperature 𝜃 is given by (see equation (4) of Forget et al., 2015)
𝜕 (s∗𝜃)
𝜕t
⏟ ⏟
T ′
= −∇z∗
(
s∗𝜃vres
)
−
𝜕
(
𝜃wres
)
𝜕z∗
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
′
+ s∗D𝜃
⏟ ⏟
′
+ s∗𝜃
⏟ ⏟
 ′
. (2)
Here vres = (ures, vres) and wres are the horizontal and vertical residual mean velocities, respectively, com-
posed of both the resolved (Eulerian) ﬂow ﬁeld, as well as the “bolus” velocity, parameterizing unresolved
eddy eﬀects after Gent and McWilliams (1990). The term D𝜃 represents parameterized diﬀusive mixing pro-
cesses, including the mixed layer scheme of Gaspar et al. (1990), isopycnal diﬀusion of Redi (1982), as well as
the eﬀects of background interior diﬀusion and convective adjustment. Forcing 𝜃 represents the net eﬀects
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Table 1
Trends and Annual and Semiannual Cycles
Trend Annual Semiannual
(∘C/year) A 𝜙 A 𝜙
T (data) 9.4 × 10−3 0.11 328 0.12 339
T (Ev4r3) 4.9 × 10−3 0.14 4 0.13 342
 −28.78 1.27 15 0.34 191
 23.51 1.12 194 0.47 2
 5.27 0.04 257 0.01 145
T200 4.0 × 10−3 0.08 9 0.02 196
200 1.7 × 10−3 0.08 11 0.02 195
200 4.57 × 10−2 <0.005 126 <0.005 280
200 −4.34 × 10−2 0.01 297 <0.005 143
Note. Values are based on a joint least squares ﬁt of the time series for trend
plus annual and semiannual cycles. The latter correspond to a ﬁt of the form
A sin [𝜔(t − t0) + 𝜙𝜋∕180], where A is amplitude in ∘C, 𝜙 is phase in degrees,
𝜔 is frequency, and t0 is starting date of 1 January 1993. Estimates based on
0–200-m budgets are denoted by subscript 200.
of latent, sensible, longwave, and shortwave surface heat ﬂux components, plus a (small) contribution from
heat content carried by precipitation. These terms only aﬀect the top level, except the shortwave compo-
nent, which decays exponentially from the surface down to 200 m (Piecuch, 2017). Lastly, the scaling factor
s∗ = 1+ 𝜂∕H, where 𝜂 is sea level andH is depth, and enters the deﬁnition of the stretched vertical coordinate
z∗ = (z − 𝜂)∕s∗ used by the MITgcm.
No attempt is made here to separate all the diﬀerent components within each budget term in (2). The four
ﬁelds in (2) are spatially averaged and integrated in time to produce global (area weighted) mean quantities
(T , , , and  ), and budget results are thus presented in temperature space for direct interpretation of T
variability as a function of time scale. For comparisonwith the Ev4r3 ﬁeld, we also use estimates of T obtained
by globally averaging the satellite-based product of Reynolds et al. (2002). Comparisons are not intended as
an independent check on the Ev4r3 estimate, since the solution is also constrained by the Reynolds et al.
(2002) product, but simply provide a measure of ﬁt.
3. Budget Analyses
3.1. Trends, Seasonal, and Nonseasonal Variability
Linear trends are commonly studied in climate analysis and here can provide insight on the longest time
scales present in the record. Values in Table 1 indicate positive trends in T . The Ev4r3 estimate is about half
of that based on the Reynolds et al. (2002) data. Both are extremely small compared to the trends implied by
 ,, or, indicating that contemporary T trends represent a small deviation from steady state, time mean
balance. Eﬀects of  to strongly decrease T are mostly balanced by  (∼80% of the magnitude of  ), but
contributions from  at 20% of  are not negligible. The positive T trend thus results from a slightly larger
warming tendency provided by and.
One expects a warming ocean to be gaining instead of losing heat from surface ﬂuxes, but recall that  only
includes the shortwave radiative ﬂux eﬀects on the top level. Although such ﬂux decays with depth down to
200m, it adds a considerable amount of net heat to the subsurface levels. Budget results for 0–200-m control
volume (Table 1) indeed show a small warming trend contribution by  . Trends from and are also much
reduced but an order of magnitude larger than  . Trend results in Table 1 thus indicate that both mixing
and advection play a key role in ﬂuxing heat vertically near the surface and in maintaining the relative small
warming trend.
The detrended T time series estimated by Ev4r3 compares well in magnitude and phase with similarly
detrended observed series calculated from Reynolds et al. (2002; Figure 1); correlation coeﬃcient between
the two series is 0.90. In terms of variability, T series in Figure 1 shows a clear seasonal cycle with peak-to-peak
monthly variations of ∼0.5∘C and both an annual and semiannual component, superposed on longer time
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Figure 1. Time series of global mean sea surface temperature T estimated from Ev4r3 and from data product of
Reynolds et al. (2002).
scale ﬂuctuations. Maximum T coincides with the 1997–1998 El Niño and minimum with the 2007–2008 La
Niña.
Analysis of ,, and terms can begin to elucidate the causes of such variability in T . To scrutinize the nature
of the dominant seasonal budget in detail, we create a mean seasonal cycle by averaging all January, … ,
December values. Although compensating annual components seem to dominate and, the residual also
shows a semiannual component (Figure 2a). The mean seasonal cycle in T clearly results from the balance
between and, with being negligible (Figure 2). Such balance holds for both the annual and semiannual
components (Table 1).
Annual and semiannual amplitudes in T are very similar (Table 1) but the nature of the , balance is notice-
ably diﬀerent. In particular, while annual amplitude of is larger than, the reverse is true for the semiannual
cycle. The larger semiannual amplitude of compared to indicates that mixing does not always act simply
as adampingof the forcingﬂuxes near the surface and canbemoredynamically involved in causing variability
in T .
The approximately equal amplitudes of annual and semiannual cycles holdmostly near the surface. Consider-
ing budgets for thicker layers leads to a relatively smaller semiannual cycle; annual to semiannual amplitude
ratio is∼4 for 0–200-m budgets (Table 1), and 0–100-m results are similar (not shown). The prominent semi-
annual cycle in T is thus primarily a very shallow signal. In addition, as expected when integrating over more
of the mixed layer, for 0–200-m budgets the eﬀects of become much less important and the temperature
variability basically follows (Table 1). In any case, inﬂuence of is still relatively weak, regardless of whether
one considers the top level or deeper control volumes.
Removing annual and semiannual terms to focus on nonseasonal behavior, typical variations in T range from
∼0.1∘C at monthly time scales to∼0.4∘C at interannual time scales (Figure 3a), with the latter clearly linked to
El Niño and La Niña events (e.g., highs in 1997–1998, 2009–2010, 2015, and lows in 2000 and 2008). The bud-
get terms (Figure 3a) still reveal a strong tendency for anticorrelation and compensation between and, as
with the seasonal cycle, but nowwith being as important at the longest (decadal) time scales. There is also
compensation evident between  and  at the longest scales. Nonseasonal T variability is thus somewhat
weaker than that implied by any of the balancing budget terms. Consideration of thicker control volumes
(e.g., 0–200 m; Figure 3b) leads to a weakening of the role played by and a somewhat diﬀerent evolution
of the various budget terms, but remains important at interannual and longer time scales.
Figure 2. (a) Mean seasonal cycle in  and , and their sum  +. (b) Mean seasonal cycle in T ,, and  +.
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Figure 3. (a) Values of  , , and, as well as global mean temperature T , with the trend and annual and semiannual
cycles removed. (b) As in (a) but for values corresponding to the 0–200-m budget.
3.2. Spectral Analysis
Coherence and admittance analyses provide a quantitative way of summarizing the nature of the T budget
as a function of time scale (Figure 4). A main balance between  +  and T should result in high coherence
between the series and an admittance amplitude ∼1 with near-zero phase diﬀerence. This is indeed the case
at annual and semiannual periods, forwhich surface forcing is strongest, but deviations from that behavior are
seen at other periods (Figures 4a–4c). Such deviations reﬂect the nonnegligible eﬀect of, most apparent at
periods longer than annual, which is consistent with what is inferred from the trend analysis in Table 1.
Power spectra can further quantify relative magnitudes of T ,  , , and (Figure 5). At all periods, power in
T tends to be small compared to (for the most part balancing) eﬀects of  , , and . In particular, power
Figure 4. Coherence amplitude, coherence phase, and admittance amplitude for the pairs (T ,  +; a–c) and (, ;
d–f ). Admittance is calculated as Pxy∕Pxx where P is cross-power spectral density, and x is  + (c) and  (f ).
Circles denote frequencies for which coherence is signiﬁcantly diﬀerent from zero at the 95% conﬁdence level.
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Figure 5. Power spectral density for T ,  , , and from Ev4r3. Vertical dash-dotted lines mark the annual and
semiannual periods.
in is comparable or larger than that in T at periods longer than 1 year. There is, however, no evidence for a
dominant role of in setting variability in T (i.e., no periods show of the same magnitude as T and much
larger than  and).
Analyzing the relation between and in more detail (Figures 4d–4f ), we ﬁnd that the two terms are nearly
out of phase over all periods. The coherence between  and is strong at most periods but drops oﬀ at the
longest time scales resolved, where the relation between all terms in the T budget becomes more involved
and includes  as well. In addition, admittance amplitudes are ∼1 except again at the longest periods and
also near the semiannual band. At the latter time scale, admittance amplitude greater than one is consistent
with more power in than in  (see respective spectra in Figure 5, also Table 1), which does not support the
view of having a simple damping role on  , as already noted.
4. Concluding Remarks
Analysis of the T budget in the property-conserving, energetically consistent Ev4r3 ocean state estimate
reveals large annual and semiannual T signals superposed on longer time scale variations. The annual cycle is
primarily driven by surface heat ﬂuxes and damped by diﬀusion. The semiannual cycle is more complex, with
diﬀusion playingmore than a damping role in the budget. At time scales longer than annual, advection plays
an important (but not dominant) role in T variability, a result which is robust to consideration of budgets for
thicker near-surface control volumes.
Apart from good estimates of the surface heat ﬂuxes, the need to account for both mixing and advection
processes in the upper ocean seems warranted for realistically simulating the evolution of T at interannual
and longer time scales. Knowledge of surface winds and the wind-driven near-surface circulation is likely
important for accurate representation of advection processes. The results indicate the role of ocean dynamics
in exerting control over variability in T and mean surface climate on time scales as short as interannual.
Our ﬁndings hold for the Ev4r3 estimate, with its particular subgrid scale parameterizations ofmixing physics.
Although the estimate tracks observed T variability within expected uncertainties, a legitimate question
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is how the balances found in Ev4r3 might depend on assumed mixed layer physics and on other model
details more generally. Recent comparisons of surface heat ﬂux products (Liang & Yu, 2016) indicate the real-
ism of our  estimates, but we are not aware of any published estimates of ,  for comparison with our
results. In this regard, similar budget calculations with diﬀerent ocean models or, better yet, with coupled cli-
mate models that produce reasonable T behaviors would be very helpful for comparison. The importance
of having appropriate model diagnostics to conduct relevant heat budget analyses needs to be emphasized
(Griﬃes et al., 2016).
Many other questions remain to be explored. For example, it is important to decompose into turbulent and
radiative components and examine each term individually, for more insight on what sets the behavior of in
relation to T . Similarly, several aspects of need to be clariﬁed, including a better understanding of how
may be related to wind-driven currents and quantifying the separate contributions to from resolved ﬂows
and parameterized bolus transports. Ultimately, regional analyses will be needed to understand the behavior
of the globalmean budget (e.g., the diﬀerent relation between and in the annual and semiannual cycles).
Relating large regional variability to the (small residual) globalmeans requires rigorous treatmentof all budget
terms as attempted here. While examination of these and other issues is deferred to future work, we hope
the current analysis can stimulate further interest in the need to understandwhat controls variability in T and
how relevant mechanisms can be well represented in ocean and climate models.
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